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Abstract
PURPOSE—Dissemination and implementation (D&I) research seeks to understand and 
overcome barriers to adoption of behavioral interventions that address complex problems; 
specifically interventions that arise from multiple interacting influences crossing socio-ecological 
levels. It is often difficult for research to accurately represent and address the complexities of the 
real world, and traditional methodological approaches are generally inadequate for this task. 
Systems science methods, expressly designed to study complex systems, can be effectively 
employed for an improved understanding about dissemination and implementation of evidence-
based interventions.
METHODS—Case examples of three systems science methods – system dynamics modeling, 
agent-based modeling, and network analysis – are used to illustrate how each method can be used 
to address D&I challenges.
RESULTS—The case studies feature relevant behavioral topical areas: chronic disease 
prevention, community violence prevention, and educational intervention. To emphasize 
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consistency with D&I priorities, the discussion of the value of each method is framed around the 
elements of the established Reach Effectiveness Adoption Implementation Maintenance (RE-
AIM) framework.
CONCLUSIONS—Systems science methods can help researchers, public health decision makers 
and program implementers to understand the complex factors influencing successful D&I of 
programs in community settings, and to identify D&I challenges imposed by system complexity.
Keywords
Dissemination; implementation; systems science; system dynamics; agent-based modeling; 
network analysis
BACKGROUND
Dissemination and implementation (D&I) research seeks to understand and overcome 
barriers to adoption of interventions that address complex problems; specifically 
interventions that arise from multiple interacting forces crossing socio-ecological levels. [1]. 
Delays between cause and effect, nonlinear relationships between variables, and 
unanticipated system behavior are common hallmarks of complexity present in D&I. For 
example, implementation of interventions aimed at preventing tobacco use among youth 
without consideration of the mix of factors that influence use, such as product appeal (e.g., 
flavors and packaging), pricing, point of purchase displays and access (e.g., placement and 
density of outlets near schools) may have limited impact. While these challenges are 
documented across many areas of public health [2–5], resolving them requires new 
methodological approaches that can capture the complexity of the environment in which 
D&I research takes place.
Systems science methods have been developed to understand connections between a 
system’s structure and its behavior over time. Many such methods exist including (but not 
limited to), System Dynamics (SD), Agent-Based Modeling (ABM), Network Analysis 
(NA), microsimulation, discrete event modeling, Markov modeling, many operations 
research and engineering methods, and a variety of other modeling and simulation 
approaches. While still somewhat novel in D&I research, the utility of systems science 
methods for addressing health questions has been demonstrated [6]. In fact, the National 
Institutes of Health, the agency of the United States government responsible for health-
related research, has highlighted the utility of systems science methods in D&I research in 
several Funding Opportunity Announcements, including PAR-11-314 and PAR-11-315 
Systems Science and Health in the Behavioral and Social Sciences and PAR-13-054, 
PAR-13-055, and PAR-13-056, Dissemination and Implementation Research in Health.
In this paper, we present three system science methods (system dynamics modeling, agent-
based modeling, and network analysis) which can be used to conduct research to improve 
one’s understanding about real world systems and how best to translate evidence into 
practice. For each method, we present a case study and discussion of the contribution of 
each method around elements of the widely used Reach, Effectiveness, Adoption, 
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Implementation, and Maintenance (RE-AIM) conceptual framework [7], often applied to 
improve success in D&I research[8] (see Table 1).
System Dynamics Modeling (SDM)
SDM offers a methodology for framing, understanding, and discussing challenges embedded 
within complex systems. This method seeks to improve the ability to anticipate likely 
trajectories of intervention effects (or problems in the absence of intervention) over a 
defined time horizon, where the pathways from interventions to outcomes can be 
complicated, slow, and best understood via computer simulations. SDM has been used 
effectively since the 1970s to examine a range of health areas [9, 10]. SDM helps invested 
stakeholders, specifically individuals engaged in the intervention implementation and 
dissemination (e.g. policy makers), transform their mental models into explicit causal 
diagrams (graphical depiction of the salient variables and their cause-effect relationships). If 
a full simulation model is desired, the causal diagrams are quantified by consulting the 
extant literature and other sources of evidence to confirm directionality and to estimate 
effect sizes. Differential equations are used to express the relationships between variables as 
rates of change over time. Computer programs are employed to perform the calculations and 
then display the dynamic model graphically. This iterative process of brainstorming, 
critiquing, and learning helps develop a shared understanding of the problem under study. 
Once quantified models are built, facilitating live computer experiments (“What If” 
questions) with stakeholders can be a powerful tool for communicating across a multitude of 
sectors, establishing feasible targets for change, and motivating collaboration for action. 
Many dissemination and implementation researchers may be familiar with program logic 
modeling. Note that SDM is similar at the initial step – both produce a graphical depiction of 
the causal pathways. But if a goal of the research is to better understand and explore the 
dynamic aspects of the relationships within the system, only SDM provides the tools for 
dynamic simulation. SDM is a compartmental model, differing from other microsimulations 
that model individuals within their context [11]. Compartmental models represent groups of 
people in categories, segmented by sex and age groups, and other defined subgroups.
Case Study 1: Using an SDM to inform community-level policy decisions—The 
Centers for Disease Control and Prevention (CDC), with co-funding from the National 
Institutes of Health (NIH) developed the Prevention Impacts Simulation Model (PRISM), an 
interactive health policy simulator that can support local community strategic planning and 
evaluation. PRISM brings greater structure and evidence to the challenge of reducing the 
burden of chronic diseases [12–14]. Working closely with community members and subject 
matter experts at the CDC and the NIH, PRISM was developed to address questions such as 
1) How does local context affect the major risk factors for cardiovascular disease (CVD), 
population health, and costs?, and 2) How might local health leaders better choose their 
policy efforts given limited resources?
PRISM (Figure A) is a learning tool for stakeholders to experiment and see for themselves 
what future health trajectories might look like over a 20-year time horizon, based on a 
careful integration of science. It depicts multiple steps of causation, accumulation, and 
feedback that result in changes in risk factor prevalence, acute events, and health and cost 
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outcomes. PRISM tracks health events, disability and death, and costs attributable to risk 
factors and risk factor management. Its scope encompasses CVD, diabetes, obesity, blood 
pressure, cholesterol, smoking, secondhand smoke exposure, physical activity, diet, air 
pollution, and emotional distress, and this version of the model simulates 34 interventions 
targeting health behaviors, environmental exposures, and disease progression through a 
range of channels.
Travis County (Austin) Texas was the first community to use the original version of PRISM 
[12]. Members of both the local public health department and community members 
participated in building the model. Engaging decision-makers and community leaders in 
both the development and use of the model had a strong positive impact on adoption of the 
chosen intervention program. In Austin, PRISM offered a catalyst for multiple stakeholders 
to align and develop a comprehensive strategy for reducing chronic diseases and associated 
costs that all at the table could really support [14]. There may be several reasons for this: 
SDM provides an opportunity for stakeholders to visually see the intervention choice set 
and, together from a systems perspective, discuss the rational for each. By participating in 
model building, stakeholders see how their own work fits within the larger scope of other 
stakeholders’, thereby offering opportunities for partnerships. They can also test their own 
mental models, and see the relative power of policy options [12].
A model such as PRISM can be used to directly simulate and compare the reach of alternate 
interventions under consideration. For example, Travis County had not implemented the 
maximum level of air quality restrictions. PRISM simulations demonstrated that doing so 
was among the most powerful interventions, due to its broad reach. Furthermore, when the 
potential reach of a simulated policy is uncertain, the model can be used to quantify how 
sub-optimal reach of implemented interventions might compromise the relative power of the 
intervention – improving decision-making. One could also track disparities explicitly in an 
SDM, and identify those policies that will best reach the most disadvantaged.
One of the strengths of SDM is that it can help estimate the effort required to implement and 
achieve identified goals in a specified time frame. For example, Levy et al. [13] used a 
similar model to estimate what evidence-based policies would need to be implemented to 
reach the Healthy People 2010 goals for smoking prevalence. They found that no 
combination of existing policies would work. This result pointed to the need for new 
innovative evidence-based policies. In other cases, multiple paths might be identified to 
reach established goals, and the model can help quantify the scale of successful 
implementation required for each.
SD can improve effectiveness by helping decision makers select from among the available 
evidence-based interventions the combination that is best suited to the local context. PRISM 
can be used to determine how many people are affected by a policy (in both desirable and 
undesirable ways) and the extent to which they are affected. By taking into account the 
interventions already in effect and/or the demographic characteristics of the local 
population, resources can be spent on those additional programs that are most locally 
effective. Moreover, synergistic effects that appear when policies are combined can be 
identified and can be used to make the most impactful decisions possible with a given set of 
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resources. SDM can help uncover what otherwise might be unintended consequences of 
favored intervention approaches that might threaten their ability to reach key subpopulations 
or to produce lasting improvements. When PRISM was used in the Mississippi Delta, a first-
line strategy advocated by many was to improve the health of local disadvantaged 
populations a priori was to increase their access to care. Contrary to stakeholders’ initial 
opinions, the PRISM model demonstrated how increasing access to care only, without 
increasing capacity for health care delivery, would result in poorer quality of care for 
everyone. By providing more people with access to care, the system would be taxed and not 
be able to keep up with demand. Providers might have to delay services or spend less time 
with patients, which would result in lower quality of care and ultimately worse health 
outcomes. By observing the quantified systems-level impact, a different decision was made.
SDM allows users to see how the consequences of their actions are likely to unfold over 
time. Realistic expectations support maintenanceparticularly important in public health 
where many interventions take time to impact key outcomes. SDM allows the user to remain 
committed to interventions that may make things worse before better (a common 
phenomenon), and offers shorter-term expectations against which to track performance. 
Additional information on SDM and PRISM can be found elsewhere [12–15].
Agent-Based Modeling (ABM)
ABM is a computational method used to examine the actions of agents (e.g. individuals) 
situated in environment (e.g. neighborhood). Unlike equation-based models, ABMs specify 
decision rules controlling dynamics, such as If-Then statements and mechanistic interactions 
among agents, and simulate them using computational software. This allows for a more 
flexible modeling approach [16]. When the program is run, agents interact with one another 
and their environment often resulting in surprising insights about behavior of agents and the 
system. Much of the ABM and public health research has focused on infectious disease 
dynamics and epidemic containment [17–19], and increasingly public health scientists are 
using the method to examine social and behavioral health issues [20–25].
Case Study 2: Using ABM to inform context-specific, cost effective 
community violence prevention interventions—A interdisciplinary study team 
affiliated with the Public Health Dynamics Lab (PHDL) at the University of Pittsburgh and 
including individuals with backgrounds in community health, intervention development, 
translational research, computational modeling, and violence, worked together to develop a 
conceptual ABM to explore the impact and effectiveness of community crime interventions 
[22, 26]. The ultimate goal of the work is to provide a computational tool that can be used to 
assist in strategic and implementation planning to prevent or reduce crime in local 
communities. This project has successfully generated a conceptual ABM to assist with such 
a process, yet it is still in a formative stage and the model is being refined in order to serve 
as a more accurate and useful tool. Model building such as this offers the model as a 
transdisciplinary object integrating best evidence and supporting ongoing decision-making.
Community crime and violence, like most other behavioral and community health issues, is 
a complex problem that is influenced by a range of individual and community-level factors. . 
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This case example illustrates the complex behavioral dynamics and differential cost and 
effectiveness of alternative community-level crime intervention approaches. Building upon 
existing community connections and prior research, the project’s academic lead invited the 
executive director of a local community violence prevention agency to join the team. Over a 
year of bi-weekly meetings led to the development of the conceptual model. The meetings 
included discussion and input from team members, a review of published literature, and 
input from additional content experts on key multi-level factors influencing the behaviors of 
the model’s agents.
The ABM was developed using NetLogo, where agents representing individual residents 
move and interact on a two-dimensional grid simulating a neighborhood. Juvenile agents are 
assigned initial random probabilities of perpetrating a crime and adults are assigned random 
probabilities of witnessing and reporting crimes. The agents’ behavioral probabilities are 
modified over time depending upon exposure to other agents’ crime perpetration and/or 
crime reporting behaviors. Juvenile and adult agents interact within the simulated 
neighborhood. The Theory of Reasoned Action guided the behavioral parameters of the 
agents [27]: if perceived reward > perceived risk, then action is taken. Each juvenile’s initial 
perceived reward was assigned randomly to individuals and declined with age. Likewise, 
perceived risk depended on the individual’s own experience and exposures as the model is 
run. Findings from the Pathways to Desistence Study (PDS) contributed to the behavioral 
probabilities randomly assigned randomly to juveniles in the model [28]. PDS is a study of 
1,355 serious adolescent offenders in Philadelphia and Phoenix and was designed to focus 
on the factors that contribute to adolescents’ engagement with crime and the justice system.
Figure B presents a screenshot and bird’s eye view of the NetLogo agent-based model of the 
spatially focused intervention. A geographic community is represented by the entire two-
dimensional grid which is further subdivided into square blocks. Each agent is represented 
as the silhouette of a person (adults and juveniles). Colors and shapes are used to show 
change over time, for example, if an adult agent becomes activated to report crimes or a 
juvenile commits a crime. Theses colors are assigned to the agents help illustrate that the 
agents are performing according to the program’s design. For example, adult who witness an 
offense and report it are green and an arrow points to the offender who has been reported; 
adults who witness an offense but do not report it are yellow; adults that have not witnessed 
an offense on the current time step are blue. Juveniles are purple unless they have offended 
in the last step. Offenders who have not been reported are red; offenders who have been 
reported and will be punished are orange. The clouds indicate spatial areas of high crime. 
Additional details and figures can be found in the original article [26].
Much like with SDM, engaging relevant community, law enforcement and policy 
stakeholders in the ABM process contributes to the practical and valid application of the 
model, helping to increase buy-in and adoption of the interventions examined in the model. 
Through the team’s diverse academic and community involvement they have begun 
discussions about how to expand facilitated interaction with an ABM to improve strategic 
and implementation planning around problems related to community crime and violence 
with local law enforcement, public housing, and community and policy leaders. Expansion 
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of the team’s stakeholder base provides further opportunities to test and refine the model and 
to explore new opportunities for direct community engagement with this method.
As illustrated in this case example, ABM can allow for the efficient investigation of a 
complex problem, like community crime interventions, that otherwise would be costly and 
time intensive. The spread of the crime behavior and reach of the community interventions 
is directly observable in the ABM. The results from this ABM provide valuable insight into 
the spread and containment of crime behaviors. Such information can be used to direct 
resources towards the intervention strategy shown to have the greatest impact and reach 
within the at-risk populations.
The process of reviewing and refining the model contributed to the active engagement of 
project team members who wanted to see their perspectives reflected in the model. In 
addition to increasing the likelihood that the model reflects reality, this provides much 
needed insight on the requirements for and the likelihood of successful implementation of 
different intervention strategies.
The ABM, by simulating the impact of various community interventions on crime-related 
behavior, helped the team explore the likely effectiveness of each. When a simulated 
community intervention occurred, a fraction of adults became activated to report the 
observed crime. Two kinds of community-based interventions were modeled. In a 
community-wide crime intervention (i.e., a community-wide community block watch 
program), a segment of the adults in the community were randomly selected from the entire 
community to be activated. In a spatially-focused community-based crime intervention (i.e., 
a targeted block watch intervention), a segment of the adults were activated, but the 
activated adults were all selected from the block having the highest prevalence of crime. 
While spatially-focused intervention yielded strong localized reductions in crimes, such 
interventions move crime to nearby communities, dampening the overall effectiveness. 
Community-wide interventions reduced overall community crime offenses in the model to a 
greater extent.
Multiple iterations of the ABM were run to explore and examine the extent to which a 
community program could be sustained and maintained over time and how the crime 
behavior would be contained or spread. This type of simulation ensures a better balance of 
long-term sustainability with short-term feasibility and impact. Additional information about 
the ABM model of community violence prevention addressed in this section can be found 
elsewhere [22, 26].
Network Analysis (NA)
NA examines the structure of relationships between a set of nodes (e.g., people, 
organizations). NA moves beyond studying individual attributes, groups, or dyadic 
interactions to consider relational patterns within a system. Network data can be collected 
using a multitude of approaches including surveys, interviews, observations, and archival 
methods [29–31]. Relationships can be operationalized as discrete (e.g., does a relationship 
between organizations A and B exist?) or valued (e.g., how frequently does information flow 
between organizations A and B?). Moreover, relationships can be symmetric (e.g., do heath 
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care providers A and B socialize with one another?) or directional (e.g., does health care 
provider A give advice to provider B?). Computational advances have increased the utility 
of NA in measuring dynamic relational patterns [32], and have spurred growth in the use of 
NA to understand systems. Recent work has highlighted how NA can be used to support 
D&I efforts. For example, recent studies have illustrated how NA can be used to identify 
key stakeholders such as school personnel who are best positioned to influence the 
successful dissemination and implementation of behavioral interventions among their peers 
[33–35].
Case Study 3: Using NA to understand pathways for dissemination and 
implementation of teacher practices to support academic success—Here, we 
illustrate the use of NA to understand the dissemination and implementation of the 
Promoting Academic Success Project (PAS), an intervention designed to improve 
educational outcomes for minority boys in elementary school. One major component of PAS 
is teacher professional development. In each school, principals selected “lead teachers” to 
encourage teacher attendance at professional development sessions and promote teacher 
implementation of practices learned in these sessions to improve minority boys’ educational 
outcomes. The research question was"What are the pathways by which teacher’s practices, 
once learned at the professional development sessions, might spread to other teachers in the 
school?” The answer to this question could help school system officials figure out how to 
maximize the number of teachers following recommended practices.
Researchers at Michigan State University collaborated with principals and teachers to 
examine teacher advice networks in five elementary schools implementing PAS. Drawing 
on diffusion theories [36–38], the study team expected teachers’ existing advice 
relationships would be critical to the spread of PAS practices from lead teachers to other 
teachers. Specifically, the study team conducted brief interviews with all teachers and 
principals in each school [39]. Teachers and principals identified other teachers in their 
school from whom they received advice around four different issues related to minority 
boys’ education: (1) instructional methods (2) promoting positive relationships (3) family 
involvement and (4) behavior management. Answers to these questions were used to create 
four separate teacher advice networks for each school. The study team employed NA to 
examine these four teacher advice networks, and to understand how information about PAS 
practices could spread from lead teachers to other teachers in each school.
As the PAS project illustrates, NA can be a valuable method for illuminating processes of 
dissemination and implementation, including each element of the RE-AIM framework (see 
Table 1). Previous research suggests that the adoption of new practices spreads among 
individuals who are structurally equivalentoccupying similar positions in the network’s 
structure [40]. Thus, NA can be useful for understanding how individuals’ network position 
influences their propensity to adopt new intervention strategies. The study team was 
interested in whether “lead teachers” selected by principals were best positioned in the 
network to facilitate teacher participation in strategies to enhance minority boys’ education. 
In most cases, results of the NA suggested that they were not. The instructional methods 
advice network in one PAS school is provided in Figure C, with the principal’s lead teacher 
(#2) coded in dark green. NA suggests that this lead teacher is structurally similar (i.e., 
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shares at least 1/3 of the same relationships) with only one other teacher (#14). Thus, her 
region of influence, represented by the dark green shading, is minimal. In contrast, teacher 
#11 coded in light green is structurally similar to five of her colleagues, and possesses a 
much larger region of influence, represented by the light green shading. These findings 
suggest that teacher #11 is better positioned to encourage teacher adoption of PAS 
strategies, and highlight that principals do not possess the bird’s eye view of the school’s 
relational structure that NA can provide.
The study team used NA to identify potential barriers to reaching teachers targeted by PAS, 
which can also help understand which students will and will not be reached overall. Teacher 
advice networks in PAS schools exhibited relatively low levels of density (i.e., the 
proportion of present to possible relationships) and reciprocity (i.e., the proportion of 
relationships in which each party nominates the other). In Figure D, low levels of density 
and reciprocity in the behavior management advice network result in barriers to reaching 
teachers including isolated, peripheral teachers (#1, 7, 12, & 13) and little two-way 
communication. This may hinder the flow of information across the school about effective 
behavior management strategies and the PAS professional development component. Using 
these results, the study team was able to make recommendations for improving reach. For 
example, to improve reach to isolated and peripheral teachers and to increase two-way 
communication, the study team recommended creating formal (e.g., pairing more and less 
experienced teachers) and informal (e.g., coffee dates) mentoring opportunities.
Like adoption, individuals’ consistent and regular implementation of new practices is 
influenced by their structurally equivalent peers in the network [39, 40]. Thus, NA can be 
used to track how the social relationships in a system influence the frequency and quality of 
implementation. Additionally, NA can highlight influential individuals who can assist in 
implementation efforts. In the PAS project, Figure C suggests that teacher #11 is structurally 
equivalent to more of her colleagues than the principal’s chosen lead teacher (#2). Thus, 
teacher #11 is better positioned to encourage the implementation of PAS instructional 
strategies – if she is (or can be made into) a successful implementer.
NA can also be helpful for understanding and improving program effectivenesswhen the 
intervention is directed at networks. Many interventions have proximal or distal relational 
outcomes such as increased communication or social capital. Longitudinal NA (i.e., pre- and 
post-intervention NA) should be used to evaluate the effectiveness of community capacity 
building or other efforts over time [35]. For example, NA can be used to see if organizations 
increase their resource sharing ties. Better understanding a given network shaping D&I 
success can also support the selection of more effective interventions.
NA can provide information about areas of the network that can be strengthened to facilitate 
the maintenance of interventions over time. The study team provided feedback to teachers 
and principals on the features of teacher networks in each school that created barriers to the 
D&I of PAS practices and brainstormed recommendations for improving the capacity of 
teacher networks to enhance D&I efforts. For example, the study team noted trends of low 
density and reciprocity in teachers’ advice networks and were able to work with teachers 
and principals to identify several recommendations for improving communication (e.g., 
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hosting informal mentoring meetings). Finally, NA can be used to pinpoint influential 
community members who are best positioned to help sustain the program in the absence of 
researchers. For NA models of educational intervention similar to the one addressed in this 
section, please see [34, 39, 40].
DISCUSSION
Systems science methods can help researchers, public health decision makers, program 
implementers, community members and other stakeholders to understand the complex 
factors that potentially challenge successful D&I of interventions. Our application of the 
RE-AIM components demonstrates how systems science approaches like SDM, ABM, and 
NA can enhance efforts to assess barriers or facilitators to D&I and their potential impact on 
desired outcomes (Table 1). The three case studies illustrate how the modeling process can 
serve as a tool to present opportunity to select the most locally effective interventions, 
concretely understand the likelihood that the intervention could be adopted, reach the target 
population and be implemented and maintained with intended effects in a dynamic real-
world context. Our examples feature a variety of topical areas relevant to behavioral 
medicine and many other examples of these methods can be found in the literature. There is 
great potential for systems science methods to further D&I research efforts across different 
health conditions, research questions, and settings. We have attempted to give a brief 
introduction to three of the most useful systems science methods for D&I research. 
However, a full understanding of these methods, including comparisons and contrasts 
between them requires further reading and study on the part of the interested reader. Many 
resources to support learning about systems science are available through the NIH Office of 
Behavioral and Social Sciences Research http://obssr.od.nih.gov/scientific_areas/
methodology/systems_science/index.aspx
ACKNOWLEDGEMENTS
Diane R. Orenstein, we would like to recognize and sincerely thank you for your help conceptualizing the 
manuscript and for the feedback on multiple drafts. We would also like to acknowledge and thank the following 
people for their contributions to the projects presented; Agent-Based Modeling: John Grefenstette, Richard 
Garland, Shawn Brown, Jeffrey Borrebach and Donald Burke; Network Analysis: Patricia Farrell, Marvin 
McKinney, Giannina Fehler-Cabral, Patrick Janulis, Gabriela Saenz, and staff at the 5 PAS elementary schools.
REFERENCES
1. Holmes, BH.; Finegood, DT.; Riley, BL.; Best, A. Systems thinking in dissemination and 
implementation research. In: Brownson, RC.; Colditz, GA.; Proctor, EK., editors. In Dissemination 
and implementation research in health. NY: Oxford University Press; 2012. p. 175-191.
2. Hammond RA. Complex Systems Modeling for Obesity Research. Prev Chronic Dis. 2009; 63:A97. 
[PubMed: 19527598] 
3. Milstein B, Homer J, Briss P, Burton D, Pechacek T. Why behavioral and environmental 
Interventions are needed to improve health at lower cost. Health Aff (Millwood). 2011 May; 30(5):
823–832. [PubMed: 21555468] 
4. Auchincloss AH, Diez Roux AV. A new tools for epidemiology: The usefulness of dynamic-agent 
models in understanding place effects on health. American Journal of Epidemiology. 2008
5. Caulkins JP. The need for dynamic drug policy. Addiction. 2007; 102:4–7. [PubMed: 17207116] 
Burke et al. Page 10













6. Luke DA, Stamatakis KA. Systems science methods in public health: dynamics, networks, and 
agents. Annu Rev Public Health. 2012 Apr.33:357–376. Epub 2012 Jan 3. Review. [PubMed: 
22224885] 
7. Glasgow RE, Vogt TM, Boles SM. Evaluating the Public Health Impact of Health Promotion 
Interventions: The RE-AIM Framework. American Journal of Public Health. 1999; 89:1322–1327. 
[PubMed: 10474547] 
8. Tabak RG, Khoong EC, Chambers DA, Brownson RC. Bridging Research and Practice: Models for 
Dissemination and Implementation Research. American Journal of Preventive Medicine. 2012; 
43(3):337–350. [PubMed: 22898128] 
9. Homer JB, Hirsch GB. System Dynamics Modeling for Public Health: Background and 
Opportunities. Am J Pub Health. 2006; 96(3):452–458. [PubMed: 16449591] 
10. Vennix, J. Group model building. New York: John Wiley & Sons; 1996. 
11. Spielauer M. What is social science microsimulation? Soc Sci Computer Rev. 2011; 29(1):9–20.
12. Homer J, Milstein B, Wile K, Pratibhu P, Farris R, Orenstein D. Modeling the local dynamics of 
cardiovascular health: Risk factors, context, and capacity. Preventing Chronic Disease. 2008; 5(2)
13. Levy DT, Tworek C, Hahn EJ, Davis RE. The Kentucky SimSmoke Tobacco Policy Simulation 
Model: Reaching Healthy People 2010 Goals Through Policy Change. Southern Medical Journal. 
2008 May; 101(5):503–507. [PubMed: 18414175] 
14. Homer J, Milstein B, Wile K, Trogden J, Huang P, Labarthe D, Orenstein D. Simulating and 
evaluating local interventions to improve cardiovascular health. Preventing Chronic Disease. 2010; 
7(1)
15. Loyo HK, Batcher C, Wile K, Huang P, Orenstein D, Milstein B. From Model to Action: Using a 
System Dynamics Model of Chronic Disease Risks to Align Community Action. Health 
Promotion Practice. 2013; 14(1):53–61. [PubMed: 22491443] 
16. Helbing, D.; Balietti. Agent-Based Modeling. In: Helbing, D., editor. In Social Self-Organization. 
Springer; 2012. p. 25-70.
17. Brown ST, Tai JHY, Bailey RR, Cooley PC, Wheaton WD, Potter MA, Lee BY. Would school 
closure for the 2009 H1N1 influenza epidemic have been worth the cost?: a computational 
simulation of Pennsylvania. BMC Public Health. 2011; 11
18. Lee BY, Brown ST, Cooley PC, Zimmerman RK, Wheaton WD, Zimmer SM, Burke DS. A 
Computer Simulation of Employee Vaccination to Mitigate an Influenza Epidemic. American 
Journal of Preventive Medicine. 2010; 38(3):247–257. [PubMed: 20042311] 
19. Lee BY, Brown ST, Korch GW, Cooley PC, Zimmerman RK, Wheaton WD, Burke DS. A 
computer simulation of vaccine prioritization, allocation, and rationing during the2009 H1N1 
influenza pandemic. Vaccine. 2010; 28(31):4875–4879. [PubMed: 20483192] 
20. Bahr DB, Browning RC, Wyatt HR, Hill JO. Exploiting social networks to mitigate the obesity 
epidemic. Obesity. 2009; 17(4):723–728. [PubMed: 19148124] 
21. Auchincloss AH, Riolo RL, Brown DG, Cook J, Diez Roux AV. An agent-based model of income 
inequalities in diet in the context of residential segregation. Am J Prev Med. 2011; 40(3):303–311. 
[PubMed: 21335261] 
22. Yonas, MA.; Borrebach, JD.; Burke, JG.; Brown, ST.; Philp, KD.; Burke, DS.; Grefenstette, JJ. 
Proceedings of the 2011 International Conference on Social Computing, Behavioral-Cultural 
Modeling, & Prediction (SBP11). College Park, MD: 2011. Dynamic Simulation of Community 
Crime and Crime-Reporting Behavior. 
23. Axtell R, Durlauf S, Epstein JM, Hammond RA, Klemens B, Parker J, Song Z, H TV, Young P. 
Social influences and smoking behavior. Technical report, A report from the Center on Social and 
Economic Dynamics. 2006
24. Gorman DM, Mezic J, Mezic I, Gruenewald PG. Agent-based modeling of drinking behavior: a 
preliminary model and potential application to theory and practice. American Journal of Public 
Health. 2006; 96:2055–2060. [PubMed: 17018835] 
25. Nagoski E, Janssen E, Lohrmann D, Nichols E. Risk, individual differences, and environment: an 
Agent-Based Modeling approach to sexual risk-taking. Arch Sex Behav. 2012 Aug; 41(4):849–
860. [PubMed: 22042161] 
Burke et al. Page 11













26. Yonas M, Burke JG, Brown S, Borrebach J, Garland R, Burke DS, Grefenstette J. Dynamic 
Simulation of Crime Perpetration and Reporting to Examine Community Intervention. Strategies 
Health Education & Behavior. 2013 Oct; 40(1 Suppl):87S–97S.
27. Ajzen, I. Understanding attitudes and predicting social behavior. Englewood Cliffs, N.J.: Prentice-
Hall; 1980. 
28. Mulvey EP, Steinberg L, Fagan J, Cauffman E, Piquero AR, Chassin L, et al. Theory and Research 
on Desistance from Antisocial Activity among Serious Adolescent Offenders. Youth Violence and 
Juvenile Justice. 2004; 2(3):213–236. [PubMed: 20119505] 
29. Marsden PV. Network data and measurement. Annual Review of Sociology. 1990; 16:435–463.
30. Marsden, PV. Survey methods for network data. In: Scott, J.; Carrington, PJ., editors. The SAGE 
handbook of social network analysis. London: Sage; 2011. p. 370-388.
31. Wasserman, S.; Faust, K. Social network analysis: Methods and applications. Cambridge: 
Cambridge University Press; 1994. 
32. Snijders, TA. Models for longitudinal network data. In: Carrington, PJ.; Scott, J.; Wasserman, S., 
editors. Models and methods in social network analysis. New York: Cambridge University Press; 
2005. p. 215-247.
33. Hawe P, Ghali L. Use of social network analysis to map the social relationships of staff and 
teachers at school. Health Education Research. 2008; 23:62–69. [PubMed: 17289659] 
34. Neal JW, Shernoff ES, Frazier SL, Stachowicz E, Frangos R, Atkins MS. Change from within: 
Engaging teacher key opinion leaders in the diffusion of interventions in urban schools. The 
Community Psychologist. 2008; 41:53–57.
35. Provan KG, Veazie MA, Staten LK, Teufel-Shone NI. The Use Of Network Analysis To 
Strengthen Community Partnerships. Public Administration Review. 2005; 65:603–613.
36. Dearing JW. Evolution of Diffusion and Dissemination Theory. Journal of Public Health 
Management Practice. 2008; 14:99–108. [PubMed: 18287914] 
37. Rogers, EM. Diffusion of Innovations. 5th edition. New York: Free Press; 2003. 
389. Valente, TW. Network Models of the Diffusion of Innovations. Cresskill, NJ: Hampton Press 
Inc.; 1995. 
39. Neal JW, Neal ZP, Atkins MS, Henry DB, Frazier SL. Channels of change: Contrasting network 
mechanisms in the use of interventions. American Journal of Community Psychology. 2011; 
47:277–286. [PubMed: 21181552] 
40. Burt RS. The Social Capital of Opinion Leaders. Annals, AAPSS. 1999; 566:37–54.
Burke et al. Page 12













Burke et al. Page 13













Burke et al. Page 14













Burke et al. Page 15














Figure A. Systems Dynamics Example
Figure B. Agent Based Model: Spatially focused intervention
Figure Description: Each agent is represented as the silhouette of a person (adults and 
juveniles). The colors of the agents change according to their status (e.g. juveniles 
committing crimes are red). When an adult becomes activated to report crimes the agents is 
represented as squares. The purple clouds indicate spatial areas of high crime.
Figure C. PAS Teacher Instructional Methods Advice Network in a School
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Figure Description: Each circle represents a teacher and the lines represent advice about 
instructional methods, with arrows pointing from advice giver to advice receiver. Here, the 
lead teacher selected by the principal to endorse the PAS program (#2) and her structurally 
similar teachers (i.e., those that share at least 1/3 of the same relationships) are shaded in 
dark green. An alternative teacher (#11) and her structurally similar teachers are shaded in 
light green. This illustrates that the lead teacher selected by the principal may not have the 
largest region of influence for encouraging adoption and implementation by peers.
Figure D. PAS Teacher Behavior Management Advice Network in a School
Figure Description: Each circle represents a teacher and the lines represent advice about 
behavior management, with arrows pointing from advice giver to advice receiver. Red 
arrows indicate reciprocal advice relationships and the circled section of the network 
contains teachers with fewer advice relationships. These features of the network indicate 
potential barriers to reach.
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Table 1




System Dynamics Agent-Based Modeling Social Network Analysis
Reach: What proportion 
and how representative are 
participants of the target 
population?
Explicate determinants of less-
than-optimal reach and potential 
solutions.
Critically synthesize existing 
knowledge and data to determine 
model specifications and settings; 
Articulate multi-level key 
influencing factors, the theoretical 
mechanistic relationships and 
establish parameters.
Identify peripheral and isolated 
members of the target population 
who may be difficult to reach.
Effectiveness: What is the 
success rate if implemented 
according to intervention 
protocol?
Study dynamic determinants of 
the impact of intervention, 
intended and otherwise; may 
quantify if value sufficient.
Simulate the impact of the 
intervention on agent behavior.
Test proximal and distal relational 
outcomes of programs (e.g., 
increased communication; 
increased social capital).
Adoption: What proportion 
of people/settings/practices 
will adopt/participate in the 
intervention?
Bring together potential adopters 
to study challenges to adoption
Explore spread of behaviors and 
reach of intervention by varying 
influencing factors.
Examine the role the relationships 
play in access to information 
about and decisions to adopt new 
interventions; Understand how 
individuals’ positions in the 
network influence their propensity 
to adopt the intervention; Identify 
influential community members 
who can assist in encouraging 
adoption.
Implementation: To what 
extent is the intervention 
implemented as intended in 
the real-world?
Diagram potential short term 
threats to successful 
implementation and indirect 
consequences of implementation 
that might undermine impact
Simulate “real-world” setting and 
explore impact of multiple 
intervention configurations (e.g. 
community wide verses spatially 
focused).
Understand how individuals’ 
positions in the network influence 
their frequency of implementation; 
Identify influential community 
members who can assist in 
implementation.
Maintenance: To what 
extent is the program 
sustained over time? What 
happens to the program 
over time?
Diagram potential threats to 
longer-term maintenance, and 
how each might be avoided/
addressed
Run multiple iterations of the 
models to explore what happens to 
the spread and dynamics of targeted 
behaviors.
Identify areas of the network to 
strengthen for D&I efforts and 
create recommendations; Identify 
influential community members 
who can sustain the program over 
time
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